Introduction
Just as there is a range of possible changes in climate over future decades there is a range of potential impacts of these changes (see Tubiello et al. 2007 for a review). Several studies of the impact of anthropogenic global warming on the Australian wheat crop have used probability density functions (PDFs) to quantify both the most likely outcome and possible extremes. For instance, Howden et al. (1999) , Howden and Jones (2004) and Luo et al. (2005) all generated a distribution of changes in CO 2 concentrations, rainfall (P), and temperature (T), based on changes simulated by coupled atmosphere-ocean climate models. They then estimated the effect of these on crop growth using the APSIM wheat model (Keating et. al. 2003) . Typically, a Monte Carlo sampling approach was used to combine the changes in individual variables. One limitation of this is that the changes in mean T and P are assumed to be independent of each other. In the companion study to this, Watterson (2011) , hereafter referred to as W11, showed that this need not hold for greenhouse gas (GHG) forced climate change, using simulations by 23 climate models in the CMIP3 data set. Indeed, Tebaldi and Lobell (2008) did not assume independence of DT and DP (where D signifies change) in their assessment of impacts on global crop yields.
One motivation for this paper is to demonstrate a simple application of a joint PDF for change, which includes an anticorrelation between the two variables, to a crop impact. This is aided by the use of an estimation of wheat yield impact for various values of DT and DP. This approximate approach is justified given that our intention is to explore the possible impact implications of managing joint probability and not impact assessment itself. We emphasize that this application is idealized in a number of ways, and it is not intended to support policy.
W11 presents a method of constructing joint PDFs that have component or marginal distributions matching the single-variable PDFs for forced change derived for the Australian projections of CSIRO and Bureau of Meteorology (2007) , hereafter CCA07. Observed climate will vary from unforced or natural variability as well, and likewise crop yields averaged over future decades will be subject to additional variation. CCA07 included an example of how the The possible range of climate variables at a location for decades in the future is represented using a probability density function derived by summing distributions for both change forced by global warming and unforced decadal variability. Both components are estimated from CMIP3 climate model simulations. Standard deviations of decadal means in temperature and rainfall for locations in the Australian region are presented. The methods are extended to determine joint PDFs for rainfall and temperature, and these allow for the anticorrelations diagnosed for the pair over much of Australia. The distributions derived for the change in climate by 2070 in central New South Wales are then combined with a simple impact function for wheat, to illustrate a potential application of joint PDFs. The forced change in the crop in this idealized example has a distribution that ranges from small declines to substantial increases, largely driven by the effect of CO 2 on plant growth. The anticorrelation broadens the range of impact, compared to the case where this is not allowed for. The distribution is also broadened in the decadal case, in which warmer and drier decades can produce declines in the crop. Increases are less likely in corresponding results for three southern and western wheat regions, where decreased rainfall is likely. This joint PDF approach can potentially allow efficient estimation of various impacts in multiple locations provided realistic impact functions are available.
PDFs for DT or DP in the decade centred around 2070, for instance, may be broadened by the inclusion of variability of decadal averages. Watterson and Whetton (2011) developed this further, for locations over the globe, using an estimate of climate variability based on four CMIP3 models. As we will see, decadal means of T and P from these models are also interrelated. The development of a joint PDF that incorporates these forced and unforced components is a further aim for this study. It provides another test of the effect of anticorrelation on crop impact.
In the following section, the properties of decadal means of T and P in the four models are briefly examined, for both the annual and seasonal cases over Australia, and these complement the forced change results of W11. A suitable joint PDF for these is described. PDFs for individual decades in the future are then constructed, focusing on the annual case for the location of Dubbo, New South Wales, in the southeastern wheat belt, considered by W11. The joint PDFs are then combined with a single wheat yield impact function approximating that for the case of changes at 2070 under the A1B forcing scenario. This produces PDFs for the yield itself. A comparison of impacts calculated directly from the 'raw' model changes is made. The sensitivity of the impact PDFs to the differing climate change of three other southern Australian wheat regions is considered (without allowing for spatial variation in the impact function). The effect of including dependence in the joint PDFs is demonstrated, for both forced and decadal changes. The conclusions follow.
Relationships between decadal means of T and P over Australia Ideally, the PDF for unforced variability that is considered here would be an accurate representation of this for the real world. However, high-quality observations for Australian locations extend barely ten decades, and there is some forcing of climate, both natural and anthropogenic over this time. Even if this forced component can be removed, and we make the assumption of a normal (Gaussian) distribution for decadal averages, the standard deviations (SD) and cross-correlations (r) between T and P would be statistically uncertain from so few decades.
Following Watterson and Whetton (2011) , we again consider averages of SDs of decades from the available control (unforced, and detrended) simulations of four CMIP3 models: CSIRO Mk3.5, over 108 decades, GFDL-CM2.1 (50 decades), ECHAM5 (50) and HadGEM1 (14). These models had more realistic interannual variability than some others (Gleckler et al. 2008) , and it was judged adequate to use the average of the four as a substitute for real-world fields. The results for the Australian region, in the annual, summer (December-February, or DJF) and winter (June-August, JJA) cases, are plotted for T in Fig. 1 , and P (as a percentage of the mean precipitation) in Fig. 2 . The variability of 10-year averages for seasons may be important for impacts, such as extreme temperatures, that are limited to one of the seasons.
For the annual case of T ( Fig. 1(a) ), the SD reaches 0.25 K in the interior of Australia and drops to around 0.15 K near the coast. Naturally, the seasonal SDs tend to be larger than for the annual case, and for summer the SD of T exceeds 0.4 K in most of the interior. Variability for the winter case is fairly similar to the annual in the wheat belts. The SDs for autumn and spring (not shown) are typically intermediate between those for summer and winter. The variability of decadal P, as a percentage, over Australian land is large compared with that of surrounding oceans (indeed, most of the globe). The SD for the annual case ( Fig. 2(a) ) exceeds 15 per cent in the Australian interior, dropping to seven to ten per cent for much of the wheat belt. The winter variability is only a little higher in the southern wheat regions. The SDs there for the other seasons are typically 20 per cent, and more in seasonally dry regions (as for the north in winter, Fig. 2(c) ).
At each location, the correlation between the T and P decadal series has been taken for each model in turn. The average of the four results for the annual case is the field plotted in Fig. 3(a) . Over nearly all mainland points the correlation is negative, reaching -0.8 in the central east. In most of the surrounding ocean a positive correlation applies. The field has much in common with that for the forced changes (standardized or scaled by global mean warming) from across the 23 CMIP3 models as shown by W11. It is plausible that some similar mechanisms drive the basic patterns (as discussed by W11). The seasonal cases provide contrast in the correlation between decadal T and P. For summer (Fig. 3(b) ), the four-model result for unforced variability is typically -0.6 in the interior and -0.3 near the coast. Values are closer to zero in winter (Fig. 3(c) ). Correlations for the other two seasons (not shown) are typically intermediate, but are as strong as in summer in the southeast. It should be noted that for interannual variability, Power et al. (1998) found much smaller correlations between rainfall and daily minimum temperature, and often large values for daily maxima. For climatogical change, CCA07 found relatively small difference between the mean and the minima and maxima of six models, but there could well be differences between these temperatures in the correlation with rainfall for both change and decadal variation.
Given the assumption of a normal PDF for the variability of each single variable, it is straightforward to propose a bivariate normal distribution for the joint PDF, with the correlation r. W11 gave the form for the density f, as a function of P (in the x direction) and T (in the y direction), with the coefficient representing the mean of each marginal distribution being zero here.
Adding PDFs for forced change and decadal variability
Single variable PDFs PDFs for the forced change in climatological annual and seasonal mean DT and DP for a period centred on 2070 under the A1B forcing scenario, relative to the 'expected' values (excluding unforced variability) for the period 1980-1999, were generated by CCA07 for Australian grid points. These represent a plausible range of possible change, consistent with the CMIP3 climate models and under the 'pattern scaling' theory described by Watterson (2008) . The PDFs for the annual case at the Dubbo point, at 148°E, 32°S, of each variable are illustrated in Fig. 4 (matching Fig. 2 of W11). The PDFs are bell-shaped but not closely normal, with the T case positively skewed. Also shown are the 'raw' change values for this case from individual models, calculated by multiplying each standardized change by the global warming from the same model, as in Watterson and Whetton (2011) . The weighting of the model, based on an overall skill assessment for present-day Australian climate, is also indicated (see Watterson 2008 for details) . Note that the forced change PDFs are not based directly on these raw changes, and span a wider range. Percentiles obtained from each corresponding cumulative distribution function (CDF) are given in Table 1 , where they can be compared with results from three other locations representing wheat regions in Western Australia, South Australia and Victoria. Compared to the Dubbo (New South Wales) case, these feature greater declines in rainfall, especially for southwest Western Australia. The smaller warmings at these more coastal locations are consistent with their exposure to the modest warming of the Southern Ocean (see Fig. 5 of Watterson and Whetton 2011) .
Following Watterson and Whetton (2011) , we assume that the 'total' change for a decade centred on 2070 is obtained by summing the forced and unforced anomalies, with uncertainties in these taken to be independent. For example, a low forced change can be combined with a positive unforced anomaly with just as much chance as with an anomaly of the opposite sign. It is assumed also that the character of the unforced variability is the same in the later period. (Naturally, these assumptions may be less accurate for larger amplitude changes.) The PDF for the total change can be calculated using a joint (forced and unforced) PDF approach. This requires creating a CDF that represents all possible summed values (in 1000 equally spaced bins), by accumulating the probabilities from all the combinations of forced and unforced changes. This is converted to a PDF for the total variable. The results in the Dubbo case, for both T and P, are shown in Fig. 4 . The means are essentially unchanged from the forced case by this addition. (There can be a small difference for P associated with the exponential approach used for combining decreases.) The spread of the PDF for P is considerably enhanced, consistent with the similarity of the SD of variability (10.2 per cent) to that of the forced change (12.9 per cent). In the case of DT at 2070, there is only a slight enhancement of the spread, because the SD for variability (0.24 K) is smaller than that of forced change (0.72 K). As shown by Watterson and Whetton (2011) , the enhancement can be more evident in seasonal cases or for change in earlier decades.
Joint PDFs
The correlation across the 23 CMIP3 models between the forced standardized changes in T and P (see W11) for the Dubbo annual case is r = −0.67 (Table 1) , a little less than for the decadal variability (r = −0.85, Fig. 3(a) ). An iterative approach was used for generating a (non-normal) joint PDF with prescribed r and marginal PDFs, as described in detail by W11. (This is not a unique solution to the specifications, PDFs for change, annual case, at Dubbo by 2070 for: (a) temperature; and (b) rainfall. 'Forced' is the change caused by GHG under the A1B scenario. 'Total' includes the unforced variability of decadal means based on four models. The raw model forced changes are shown as dots, with the y-axis values proportional to the weighting given to the model in constructing the original standardized change PDFs. but the method has produced a suitably smooth PDF in all cases considered by W11 and here.) The result for Dubbo is shown (again) in Fig. 5(a) . Here we add the raw model changes, shown as dots. These are scattered across the PDF, except its extremes. The DP and DT values are anticorrelated, although somewhat less than in the joint PDF. The shape of the forced change PDF can also be compared with that for the bivariate normal joint PDF for decadal anomalies, shown in Fig. 5(b) . In both cases, f is discretized to 101 equally spaced points in each direction, with the spans being the same. Shading is omitted outside the domain, or where values were computationally zero. The relatively small SD for T means the decadal PDF appears narrower (than Fig.  5(a) ) in that direction, while the high anticorrelation results in a pronounced slant. The anticorrelation in the forced change PDF means that a climate that is drier is likely to be even warmer than the expected change. Likewise, decades that are wetter (drier) than usual are likely to be cooler (warmer).
Our task now is to create a joint PDF for the total change of both T and P. The desired marginal PDFs are already available (Fig. 4) . We could use the iterative method, if we have a desired r, but it is unclear what this should be. Further, this would only be an approximation to the exact sum of the forced and variability joint PDFs. By extension of the approach for one variable, these combine to form a four-dimensional joint PDF. As for the single variable case, we assume that the forced (P, T) pair and unforced pair are independent-the anomalies from variability in a particular decade are not related to the magnitude of forced change, or our uncertainty in it. Thus the probabilities on the 4-d PDF are simply the product of the two component values. Given that the finite, discrete domains used in Fig. 5 appear adequate, it is feasible to consider a simple numerical solution to the problem of creating the total joint PDF. This is aided by using the same discrete x and y values for the unforced component as the forced component, The joint PDF for the total changes at Dubbo resulting from this calculation is plotted in Fig. 5(c) . It is broadened over the forced case in Fig. 5(a) , especially in the DP direction.
The marginal PDFs are almost the same as in Fig. 4 (allowing for the different discretization, and the exponential approach used there). The correlation for the new joint PDF is -0.67, very close to the forced r (although, a more intermediate value holds in other cases). The seasonal cases for Dubbo provide examples with different shapes. The joint PDF for forced change in DJF (shown as Fig. 6(a) of W11) has a positively skewed DP marginal, while the JJA case (Fig. 6(c) of W11) has near-zero r. The addition of the relatively broad variability PDF for DJF, shown here in Fig. 6(a) , leaves a total PDF (Fig. 6(c) ) that is broad in both directions. The JJA result ( Fig. 6(d) ) represents a wide variation in decadal mean DP for 2070, uncorrelated with a relatively small range for DT.
For further examples of the annual case, we consider the forced change PDFs for the additional locations in Table 1 . Compared to the New South Wales case, these have weaker correlations between the uncertainties (Table 1, from Fig. 1(a) of W11). The Western Australia joint PDF, shown in Fig. 7(a) , has a weak slant to the right, while those for South Australia (Fig. 7(b) ) and Victoria (which is similar to South Australia, and not shown), resemble a simple product of the marginals (as in Fig. 3(a) of W11) .
Using PDFs to estimate impacts
Method In their assessment of the impact of possible climate change on the wheat crop at a location using APSIM, Howden et al. (1999) , Howden and Crimp (2005) , and more recently Crimp et al. (2008) , used, as input, time series of representative daily rainfall and maximum and minimum temperatures for the future period. These were generated by changing observed historical data by a DT and DP pair, selected from a plausible range of mean changes. Such series will preserve the observed relationship between rainfall and temperature variations. The effect of various increases in CO 2 , which boosts wheat growth, were included. The impact of the overall change on the crop yield was calculated, and a set of such results can represent an impact function, in DT and DP.
Results have been calculated with or without crop adaptation strategies (such as modifying the planting window), and for sites across the Australian wheat growing regions.
As noted in the introduction, several of the studies combined the impact calculations with a probabilistic assessment of the changes in P and T from earlier climate models. The corresponding changes in crop yield and their inferred probability can then be combined to form a PDF for impact, such as those presented by Howden and Jones (2004) . One use of our joint PDFs would be to provide a suitable discrete number of change pairs, along with their probabilities, that are consistent with CCA07. These could be used in constructing input series for APSIM, or indeed various other impact assessment tools.
Allowance for seasonal variation in the climate PDFs is . Given our focus on the annual climate change PDFs, and our interest in illustrating potential effects of both interdecadal variability and correlation, we cannot attempt a realistic assessment. We focus on the sensitivity to climate change alone, by using a single impact function based on the histogram of values (for current planting dates) presented by Pittock et al. (2001) . These were from Howden et al. (1999) , who combined results from all locations so as to represent the percentage change in the total Australian wheat yield. Values were provided for DT ranging from 0 K to 4 K, for DP from -20 per cent to +20 per cent. An increase in CO 2 , from 350 ppm to 700 ppm, was assumed, and this alone produces an increase in yield of 24 per cent. The largest increase was 37 per cent at the change pair (20 per cent, +1 K). A net decline in yield was limited to the value -8 per cent, at (-20 per cent, +4 K). The CO 2 increase is similar to that obtained for 2070 under A1B (see Fig. 26 of Meehl et al. 2007) , thus the impact function seems suitable for combining with our climate change PDFs for this case. For our purpose we assume that it applies to individual locations, in particular Dubbo, but of course this is idealized, as even the CO 2 effect can vary with location. Furthermore, we will need values over a larger span of changes. For the purpose of illustration, we add plausible, but artificial, impact data to extend the domain. Yield values at DP of -40 per cent (or -90 per cent) were set at 20 per cent (or 90 per cent) below those for -20 per cent, consistent with a further reduction under drier conditions. Given the potential for moister conditions to damage a wheat crop, in areas currently with rainfall suitable for wheat, values at +40 per cent were lowered 3 per cent (yield) below those given at 20 per cent, and further lowered to a 0 per cent change for a 90 per cent rise in rainfall. Crimp et al. (2008) presented results that indicate that yield (under the current planting window) is maximized at a rainfall increase of around 20 per cent for some locations, including Dubbo. (Their functions declined more rapidly than ours for extreme declines in rainfall, however.) Similar extrapolations were used to specify impact values at DT -2 K, +6 K and +10 K. While the artificial data may be plausible, no doubt adaptation measures would change the picture (e.g. Howden and Jones 2004) . For changes between those specified, a smooth interpolation was used, producing the complete impact function illustrated in Fig. 8 . The peak increase is 39 per cent at the change pair (+25 per cent, 1 K). Results for this case will be shown, while those for an alternative linearly interpolated function are noted.
In general, given such an impact function I (x, y) in variables x and y, and a joint PDF, f (x, y), for the climate change in these, the expected value of I can be determined by integrating the product f × I over the x, y domain. We can form a full CDF for the impact, C, by integrating the probability for each value of I. Expressing this mathematically, we have:
where I 1 are individual values from the range of I, and D partitions the domain, with D = 1 when I < I 1 , and D = 0 elsewhere. From C we have percentiles for impact, and using the corresponding PDF we can calculate both the mean and SD.
To apply Eqn 1 in our cases, we discretize the range of the impact function into 1000 values, then accumulate the joint PDF probabilities from points that give an impact less than each value, in turn. A PDF for impact can be determined from the CDF, as usual, shown after some smoothing. Using Joint PDFs for forced change in T and P annual case, for (a) Perth, WA; and (b) Kimba, SA, (unit K −1 % −1 ).
our climate PDFs, the impact PDFs represent the range of change that follows from uncertainty in the local climate change (and variability) alone. There will be additional uncertainty associated with the forcing scenario, and of course, inaccuracy due to the idealized application.
Results for forced change
Combining the wheat impact function of Fig. 8 with our PDF for forced (annual case) climate change at Dubbo, Fig.  5(a) , produces the CDF for the change in crop yield shown in Fig. 9(a) . This represents the range of change in average yield, given the change in climate that could occur for the period centred on 2070, under the A1B scenario. This range is caused only by our uncertainty in the response of the regional climate to this GHG forcing. Values of the usual three percentiles are given in Table 1 . These range from a decline of -8 per cent at P10 to a substantial increase. It is evident that declines larger than this depend on the artificial data. From the PDF in Fig. 9(b) , we derive a mean of 14 per cent, with a SD of 15 per cent, as given in Table 2 . To put this in the context of a more realistic assessment for Dubbo, Howden et al. (1999) put the yield response for a doubling of CO 2 to be in the range of about 15-26 per cent, but their climate change scenario pairs had a much smaller range than ours. The most likely change, or mode in our PDF, is over 30 per cent, but this depends on the method of interpolation. Both the mode and the mean (13 per cent) are smaller if the linearly interpolated impact function is used. The mode is greater than the mean in this Dubbo case because part of the change PDF overlaps with the portion of the impact PDF with value over 30 per cent.
It is interesting to compare our PDF with the values of impact based on 23 individual model raw changes (Fig. 5(a) ), which are also shown in Fig. 9(b) . These span much of the range of the PDF. We can include the model weighting in the calculation of the mean and SD of the values, which are included in Table 2 . The mean is about the same, and the SD Distributions of impact on yield at Dubbo for change in 2070: (a) CDF, and (b) PDF. These use the forced and total joint PDFs of Fig. 5 and the impact function of Fig. 8 . The Forced-ind and Total-ind cases are for independent changes in T and P (using uncorrelated joint PDFs). The impact changes derived from the raw model forced climate changes (as in Fig. 5(a) ) are shown as dots, with the y-axis values proportional to the weighting given to the model. is somewhat smaller, as expected. The effect of differing changes in climate can be indicated using the forced PDFs for the other three regions in Table 1 , again combined with the function in Fig. 8 . The new impact PDFs can be compared with the Dubbo case in Fig. 10 . The probability of large increases is smaller in all three, while that for decreases is enhanced in the Western Australia case. The span of the percentiles (Table 1) is reduced, as is the median change, especially for WA. Howden and Jones (2004) presented a PDF for Wongan Hills in Western Australia (117°E, 31°S) that represented a largely negative impact. This may be more realistic (for no adaptation), given that in CCA07 the rainfall change decline there is larger as a percentage in JJA and SON, than for the annual case. Also included in Table 2 are values based on the use of the forced change PDF for the JJA season at Dubbo (Fig. 6(c) of W11) . Consistent with the greater median percentage decline in rainfall (-11 per cent, compared to -5 per cent, Table 1 of W11), the mean impact is less positive than for the annual case.
Results for total change
The domain of the impact function (Fig. 8) was sufficiently enlarged for it to be used for the potential impact at Dubbo within a single decade centred on 2070. Applying this to the decadal change joint PDF (Fig. 5(c) ) produced the 'Total' CDF and PDF in Fig. 9 . Like the joint PDF, the impact PDF is broader than for the forced case. The SD of the impact is increased to 17.5 per cent, while the mean is smaller by 1 per cent ( Table 2 ).
The effect of decadal variation on the climate PDF would be relatively greater in earlier decades, say centred on 2030, when the forced change would be smaller, as discussed by Watterson and Whetton (2011) . Given impact functions for smaller CO 2 change, the crop yield PDF for these cases could be determined. We would expect the yield impact for the decade to have a considerably broader range than that for the forced case. The means need not be the same. It should be recalled that these climate changes are assumed to be relative to the expected climate for 1980-1999. As shown by Watterson and Whetton (2011) , observed rainfall in the region around Dubbo declined over these years, but it remained within the span expected from decadal variability. The yield impacts would also be relative to expected values, rather than actual yields.
Effect of dependence between T and P It is interesting to determine the effect of the correlation in the forced joint PDF (Fig. 5(a) ). The simple product of the marginals produces a non-slanted joint PDF, with r = 0, shown as Fig. 3(a) by W11. Using this in the impact calculation produces an impact PDF that is less extended and peaked, as seen in Fig. 9(b) , case 'Forced-ind'. The mean impact is barely changed, but the SD is reduced (Table 2 ). This change follows from the reduced weight given to the more extreme impacts that appear in the top-left and bottom-right corners of the domain.
A further example is provided by the decadal change case. For a fair comparison, an independent total joint PDF was constructed by adding the r = 0 forced change PDF to the r = 0 version of Fig. 5(b) . Combining this with the usual impact function gives the final case in Fig. 9 . The impact SD is reduced by a similar amount to the forced case (Table 2) .
These results show the potential for the extremes of the range of wheat impact to be more likely when the correlation between rainfall and temperature change is represented. It arises because the conditions most favourable to wheat (low warming, wetter) and least favourable (high warming, drier) are more likely than the other extreme climate combinations. However, the effect is not particularly large here, and may be smaller if the climate change is to a growing season dominated by winter, when the correlation is usually smaller (Table 1, Fig. 1 of W11) .
Conclusions
This study extends that of Watterson (2011) for PDFs of forced climate change by incorporating the unforced variability of decadal means, as determined from long simulations of four CMIP3 models. PDFs representing this 'total' change in a single variable were determined by the addition of the forced and variability PDFs, the latter assumed to be normal. For locations over Australia, the standard deviation of (annual case) decadal means in temperature ranged from typically 0.15 K near the coast to over 0.25 K in the interior. That for rainfall ranged from 7 per cent to over 15 per cent (in the drier regions). Over land the decadal anomalies in temperature and rainfall are often strongly anticorrelated (an exception being the winter case) and a bivariate normal distribution was used to represent the pair of variables. A joint PDF for total change was calculated numerically, for the annual case of change in Dubbo, New South Wales, for the decade around 2070, under the A1B scenario. Variations in the shape of the PDFs were seen from annual cases in Table 1 .
regions in three other States. PDFs representing seasonal change, averaged over a decade, were broader, particularly for temperature in the summer case. The joint PDFs were applied to an evaluation of a probability distribution for change of an idealized wheat crop yield. A simple impact function that depends on the mean change in T and P, as well as CO 2 change, was used as an example. Combining the impact function and the forced (annual) change PDF produced a PDF for yield change, from which the mean, SD, and other statistics can be evaluated. Using the total change PDF instead provides information on the range of possible impacts occurring for a single decade. Unlike some previous studies, these evaluations explicitly take into account the anticorrelation between rainfall and temperature changes. For the Dubbo case, this boosted the standard deviation of the impact, because the conditions giving more extreme impacts became more likely. Given the direct effect of enhanced CO 2 , the median impact for the forced change to 2070 was positive in all four regions. It was smaller in the Western Australian case, because of the large probability of decreased rainfall there. It must be emphasized that these results are presented as an illustration of the joint probability method. The cases indicate the character of such impact PDFs, rather than impacts that will actually occur. For a more realistic assessment aimed at decision making, impact functions specific to each location could be used, and combined with climate PDFs for an appropriate growing season.
In principle, given suitable impact functions, this PDF approach could be applied to other cases, crops, etc. An extension to three dimensions, if change in a third variable is important, should be straightforward. The ease of calculation provided by using joint PDFs would allow Australia-wide maps of potential change to be developed, for instance. Further assessment of the approach is warranted.
